1] Most global ecosystem models assume that controls over soil organic matter are alike in climatically similar regions. In this study, we tested the generality of controls over soil organic carbon (SOC) and soil organic nitrogen (SON) in temperate grasslands. We measured organic matter pools in Inner Mongolia, China, along the Northeast China Transect, and analyzed the relationship of SOC and SON to climate, soil texture, and land use variables. We then compared our data to values simulated by a regression model developed in the U.S. Great Plains and also to Century model simulations. We found that, as in the U.S. Great Plains, climate and soil texture variables could explain a large proportion of variation in observed SOC and SON, but a regression model developed in the Great Plains overestimated SOC and underestimated SON in Inner Mongolia. Using Century, we found that simulated SOC and SON values were sensitive to both inclusion of altered land use and changes in N deposition and that the model that best fit our data included higher-intensity grazing and N deposition values higher than that in the Great Plains. This model also produced aboveground net primary production (ANPP) values comparable with values observed in the literature for Inner Mongolian grasslands, but these values were higher than ANPP predicted by previously published regression models. These results suggest that different controls over SOC and SON cycling in Inner Mongolia may affect our ability to predict SOC and SON pool sizes using relationships in other regional models.
Introduction
[2] A central challenge in global biogeochemical modeling is developing a generalizable structure that accurately captures variation among ecosystems. Capturing variation in controls on carbon cycling is especially important as it is coupled to and often drives other biogeochemical cycles. Soil organic carbon (SOC) storage is determined by the long-term net balance of photosynthesis and total respiration in terrestrial ecosystems. Therefore, in all systems, factors that influence these processes such as climate, topography, soil texture, and land use management, exert strong control over SOC and soil organic nitrogen (SON) dynamics. However, the relative importance of these parameters, and their relationships to soil organic matter, may vary depending on many different ecosystem properties.
In an attempt overcome this variation, most global ecosystem models assume that in climatically similar regions, such as grasslands, relationships between SOC and its environmental controls are the same, despite regions evolving independently. The extrapolation of these relationships in ecosystem models allows us to predict ecosystem dynamics in the future and over large regions for which we have little data, and improve our understanding of these systems. However, to do this we must be certain whether controls that have been established in one temperate grassland can indeed be generalized to other climatically similar regions.
[3] Grassland ecosystems play a significant role in the global carbon cycle, covering nearly one fifth of global land area [Leith, 1978] and storing between 200 and 300 Pg of soil carbon [Anderson, 1991; Eswaran et al., 1993; Scurlock and Hall, 1998 ]. Climate and soil texture are considered major controls of total soil carbon and the relative proportions of carbon pools in grasslands [Miller et al., 2004; Plante et al., 2006; Wang et al., 2005] ; SOC, SON, and C:N generally increase with increasing precipitation and clay content and decreasing temperature [Burke et al., 1989; Paruelo et al., 1998 ]. However, even within grasslands, the relative importance of each of these factors may shift under altered climate, plant species composition, nutrient input, or land use management [Miller et al., 2004] , due to imperfect ecological convergence and recent global change. Considering these potential influences, it is important to continue to test the generality of grassland models developed in one region for their application for all regions of similar climate.
[4] In this study, we aim to test the generality of the relationships of SOC and SON with environmental factors in temperate grasslands by 1) identifying the most important drivers of soil SOC, SON, and organic matter fractions across a major environmental gradient in China, and 2) assessing the extent to which predictive relationships from North American grasslands are accurate for Inner Mongolia. We do this by examining the relationships among SOC and SON data collected in Inner Mongolia with environmental controls, and also by testing the ability of other grassland models to accurately predict our observed values. We use a grassland regression model developed in the Great Plains [Burke et al., 1989 ] to test its applicability to Chinese grasslands, and the more highly parameterized Century model [Parton et al., 1987] to investigate which parameters are most important for simulating predictions comparable to our data.
[5] Much of China's temperate grassland lies in the northern province of Inner Mongolia. This arid and semiarid region is predicted to see some of the strongest and earliest effects of climate change [Intergovernmental Panel on Climate Change, 2007; Office for Interdisciplinary Earth Studies, 1991] . In addition, increasing population in Inner Mongolia has led to increased nitrogen (N) deposition [Lu and Tian, 2007] and intensification of land use, which, in addition to altering ecosystem carbon dynamics, has altered soil fertility and threatened personal livelihoods [Chuluun and Ojima, 2002; Jiang et al., 2006] . Therefore, in addition to possible differences due to spatially independent evolutionary paths, changes unique to this grassland region could alter fundamental rela-tionships developed in grassland SOC models. In particular, other studies have found that historical land use may alter the relationship between SOC and its environmental controls in this region [Wang et al., 2005; Zhou et al., 2007] . Further, Chuluun and Ojima [2002] suggest that, although both are currently changing, land use may be more important than climate parameters in predicting SOC values in the future.
[6] We hypothesize that land use management and nitrogen deposition may be more important controlling factors of SOC and SON in Inner Mongolia than in other temperate grasslands, and that this interaction could alter carbon turnover and fractional pools in the short term, and in the long term, challenge the predictive relationships previously proposed for SOC in temperate grasslands. Land management in Inner Mongolia has a longer history compared to other grassland regions, and has recently intensified [Xiong et al., 2008] . Carbon balance in this area is also sensitive to additional N inputs [Zeng et al., 2010] , and has been used to explain observations of higher plant production in this region for a given climate [Xiao et al., 1996] . Therefore, SOC and SON in Inner Mongolia may be even more affected by N deposition [Lu and Tian, 2007] occurring as a result of increased population density in this region [Jiang et al., 2006 ].
Methods

Experimental Approach and Sites
[7] To assess the generality of controls over SOC and SON in semiarid temperate grasslands in this study, we first collected new data from a precipitation gradient in Inner Mongolia, China and analyzed it for significant trends and predictor variables. We then compared this data to output from a model developed from data in the U.S. Great Plains [Burke et al., 1989 ] and the Koch et al. [1995] . Lines represent transects of climatic gradients. Data from Inner Mongolia, China, were collected in this study and compared with data from other studies to assess generality of environmental controls over soil organic matter.
Century model [Parton et al., 1987] . These transects in the Great Plains and Inner Mongolia span midlatitude, semiarid temperate grasslands, and were identified by the Global Change and Terrestrial Ecology (GCTE) International Geosphere-Biosphere Program (IGBP) as key gradients that incorporate trends over large spatial scales with regional and global implications [Koch et al., 1995] (Figure 1 ). We used both a correlative, regional model [Burke et al., 1989 ] and a simulation model that has been widely validated, the Century model [Parton et al., 1987] , to test the generality of the control variables. In contrast to other modeling approaches that focus on parameter optimization and testing of mechanisms, by testing the generality of a simple model and then a highly parameterized model, we could better explain discrepancies that arise between predicted values and values we measured across the Inner Mongolia transect, and improve our understanding about how ecosystem dynamics may differ between the two regions.
[8] The Northeast China Transect (NECT) is located between 112°and 130°E and 42°and 46°N in Inner Mongolia, China. We selected 12 sites on the western 1000 km of the transect. This area spans three types of grasslands: meadow steppe, typical steppe, and desert steppe (Table 1 and Figure 2 ). Mean annual precipitation (MAP) at the sites ranged from 170 to 450 mm, mean annual temperature (MAT) from 0.78 to 5.6°C, and altitude from 478 to 1550 m ( Figure 2 ). We acquired land use history information from a variety of sources, and although we had information for every site, uncertainty about land use history varied among sites. Most sites were previously established as research sites (Sites 3, 4, 5, 6, 7, 8, 9, 10, 11) and therefore we could accurately and confidently describe the number of years these site had been fenced, or the current grazing intensity (quantified by percent biomass removed per year), and when possible, the land use before the site became a research site. Other sites were private farms (site 2), or had been recently abandoned (site 1) and land use was estimated based on information from the land managers. All information, when possible, was verified with other studies that have previously used this gradient to examine climate and land use effects on environmental factors [Ni and Zhang, 2000; Wang et al., 2005; Zhang et al., 1997] . We also used accounts from land managers and several accounts from the literature to obtain information on longer history more general to the region. Much of the land in this region experienced drastic land intensification as a result of population increases and settlement of local farmers in the 1950s [Jiang et al., 2006; Sneath, 1998; Xiong et al., 2008] , and this was confirmed by many site managers and farmers. In sum, we collected the best possible information about land use but given the very long settlement history of the region, there is substantial uncertainty.
Sampling
[9] We collected soils in 12 sites across the Northeast China Transect in July of 2008. Within each site, we established two (or in site 2, three) 100 m transects in two areas at least 500 m apart. We estimated soil texture in the field (and later quantified texture in the lab), aiming to maximize variation in soil texture between these transects within a site. We randomly located and collected three 5 × 20 cm cores along each transect, separating soil into a 0-10 cm depth and 10-20 cm depth. Soils were returned to the Chinese Academy of Sciences Institute of Botany laboratory in Beijing within one week. They were dried at 60°C and sieved to remove the soil fraction >2 mm. In all regression analyses, we averaged independent variables over the three cores along each transect, but did not average between transects within a site as soil textures, which were quantified more exactly in the lab, provided additional variation we did not want to ignore. Therefore, we had 12 sites total, but 25 points in our regression because all sites had two transects and site 2 had three transects (Table 1) .
Particulate Organic Matter Fractionations
[10] We used size and density fractionations to estimate coarse and fine particulate organic matter pools (Cambardella and Elliott [1992] , modified by Kelly et al. [1996] ). These fractions are also called POM 500 and POM 53 fractions, respectively, referring to the particle size in mm. We shook 30 g soil samples in 0.5 mol L −1 sodium hexametaphosphate solution for 18 h and separated the coarse and fine fraction using 0.5 mm and 53 mm sieves, respectively. Carbonates were present in some typical and desert steppe soil samples, as we observed effervescence when soils came in contact with 1M HCl. In these samples, carbonates were removed using an acid pretreatment method [Nelson and Sommers, 1982] after fractionation, so removal treatment would not interfere with particle dispersion. We measured C and N on dried, ground soils using a LECO CHN-1000 analyzer. We calculated the mineral associated organic matter (MAOM, Cambardella and Elliott [1992] ) fraction by subtracting the two POM fractions from the total C. The presence of a significant fraction of labile carbon in the total C would cause an overestimation of MAOM as determined by subtraction, but respiration measurements and previous work in grasslands characterizing highly labile SOC pools [e.g., Gill et al., 1999; Kelly et al., 1996] show that this pool is very small relative to other fractions. Therefore, in this analysis, we felt justified labeling the fraction remaining after subtracting coarse and fine POM from total C and N as MAOM.
Statistical Analysis 2.4.1. Response of C and N Fractions to Environmental Factors
[11] To describe the major controls over SOC and SON dynamics in Inner Mongolia and their relationship to environmental factors, we first determined the linear relationship of total C and N in soil organic matter and its fractions to each independent variable using Pearson's correlation coefficients in proc corr, SAS 9.2 (SAS Institute, Cary, NC). Independent variables included mean annual precipitation (MAP, in cm), mean annual temperature (MAP,°C), silt (%), clay (%), and land use variables that included an estimate of the percent biomass removed per year due to grazing, and the number of years (if any) the area had been fenced. Coarse (500) and fine (53) POM values were better predicted when combined into one POM pool, representing a carbon fraction more labile than MAOM. We added an additional type of dependent variable by calculating the relative proportion of C or N in the POM or MAOM pool as a percentage of total C. Total C and N and C and N Fractions [12] We used a multiple linear regression approach to identify and evaluate the contributions of the strongest predictive variables for all dependent variables. To identify the best predictive models for each variable, we used an all possible subsets regression analysis (SAS proc reg) to select the five models that best fit the data, then a likelihood approach to determine the best predictive model. This approach ranks competing models relative to one another, instead of assuming a true model. Specifically, we used the corrected Akaike information criterion (AICc) to rank models because it includes a correction term for potential bias produced by sample size [Hurvich and Tsai, 1989] . AICc judges a model by how closely the fitted values tend to be to the "true values," but also penalizes the model with each added parameter [Burnham and Anderson, 2002] . With the best model, we estimated the parameter for each independent variable, tested it for significance (p < 0.01), and calculated the standardized coefficient to allow comparison among independent variables that have different units by placing them on the same scale. When independent variables are correlated in multiple linear regression models, estimations of regression coefficients are not accurate. Therefore, we tested all variables for the occurrence of collinearity, and accounted for this by testing collinear variables individually for significance in case the presence of both caused both to be insignificant parameters. [13] Our goal was to assess the generality of the Great Plains model, first by using a simple regression model, then by varying parameters in the Century model, and comparing the resulting predictions from both to observed values in Inner Mongolia. To statistically evaluate how these values compared, we performed linear regressions between observed values (y) and predicted values (x) for each of the models (regression and Century models), as suggested by Piñeiro et al. [2008] . We calculated the r-squared of this relationship and tested the null hypotheses that the estimated slope (b1) = 1 and intercept (b0) = 0.
Development of Predictive Models for
[14] To evaluate overall goodness-of-fit, we calculated the root-mean-squared deviation (RMSD) as
where pre i represents the predicted values, obs i the observed values, and n the number of observations. This value represents the mean deviation of the predicted values from the observed. Like the sum of squares, RMSD evaluates the overall goodness-of-fit of the model to the data, but has the advantage of calculating values in the same units as the model variables it describes.
[15] To further partition model error we also calculated Theil's partial inequality coefficients [Paruelo et al., 1998; Smith and Rose, 1995; Theil, 1958] , which separate error into three parts: U bias , which compares the differences in means of observed and predicted values; U b=1 , which quantifies the proportional difference of the slope of the predicted versus observed regression from a 1:1 line; and U e , which describes the variance that is unexplained after a model is fit to the predicted and observed values. This analysis allowed us to evaluate whether the model residuals are systematic in some way that have functional significance, or the result of unexplainable variability. We calculated these errors terms as follows:
Where obs and pre represent the observed and predicted value (i subscript) or mean (capital letters), b represents the slope of the regression between observed and predicted, est i are the values estimated from a fitted linear model developed from the relationship between observed and predicted values, and n is the number of observations. SSPE is the squared sum of the predicted error, calculated as:
We calculated these error terms, in addition to the slope and intercept, to describe how the observed data compared to each prediction using the models described below.
Predictive Ability of Great Plains Regression Model
[16] To compare relationships in Inner Mongolia with a previous model developed in the U.S. Great Plains [Burke et al., 1989] for both rangeland and cultivated land, we entered climate and texture data obtained and collected from Inner Mongolia, used the Great Plains model to predict SOC and SON, and regressed the model output against the observed data. Although none of our sites were ever cultivated to our knowledge (only grazed), we compared predictions from the model developed in cultivated sites to our data as an exploratory exercise to see if simulated carbon losses due to cultivation would better predict our data, and to provide insight into a somewhat uncertain historical past of these soils.
Incorporating Additional Parameters and Predictive Power Using the Century Model
[17] We used the Century model (v4.5) to ask whether additional parameters acting within a dynamic model could predict soil C and N values observed in this region better than the simple regression model. Because we knew that this region may have undergone significant land use intensification in the 1950s [Sneath, 1998; Xiong et al., 2008] , and that recent estimates report N deposition levels higher than that in the Great Plains [Lu and Tian, 2007] , we focused on N deposition and land use as possible influences of simulated SOC and SON. Century is a model that simulates biogeochemical fluxes on a monthly time step [Parton et al., 1987] . It was originally designed in the U.S. Great Plains but has been used extensively all over the world [Parton et al., 1993 ]. In the model, soil fluxes are controlled by temperature, water, and soil texture, in addition to lignin/N and C/N ratios. Land use history is implemented in Century by designating certain land use types in repeating blocks for specific periods of time. Climate input data for our simulations were obtained from Zhou Guangsheng (personal communication, 2008) from weather stations nearest to the experimental sites. Maximum and minimum monthly temperature and precipitation were averaged over the 50 year climate record; monthly values were stochastically generated by Century based on these means. Soil texture parameters were obtained from texture analyses on soil samples. We tested both observed bulk density values and values calculated using soil texture and SOC [Rawls, 1983] to see if this affected the model output, but differences were negligible.
Sensitivity of SOC, SON, and ANPP to Elevated Nitrogen Deposition
[18] We were first interested in how elevated N deposition, simulated by Century, affected SOC, SON and aboveground net primary production (ANPP) in Inner Mongolia. We examined the sensitivity of these parameters to N deposition 1) at equilibrium (light grazing for 5000 years), and also 2) when including probable land use histories of the sites and region, in order to better compare simulated values to observed values.
[19] N deposition has increased in this area in the last 60 years, as population levels have increased [Jiang et al., 2006] . Current estimates in western Inner Mongolia are within the range of 0.32-1.15 g N m −2 yr −1 [Lu and Tian, 2007] . The default values for Century, stemming from estimates in the Great Plains, are about 0.3 g N m −2 yr −1 . We tested three N deposition values at equilibrium: 0.05, 0.9, and 1.5 g N m −2 yr −1 . We treated these parameters as fixed (not as a function of precipitation) in order to simplify our sensitivity analysis, and did not include any additional land use changes after the time when the model reached equilibrium. By doing this, we were first able to see how SOC, SON, and ANPP responded to changes in N deposition in this area at equilibrium.
[20] However, studies reporting land use changes in the last 60 years in this region suggest the assumption that these sites are currently at SOC and SON equilibrium is not valid, and that these values would not be comparable to observed data. To simulate SOC and SON values that were more comparable to the values we observed in Inner Mongolia, we did a second analysis of N deposition, which included a 60 year period of intensive grazing [Xiong et al., 2008] , and the current known land use type. Under these conditions we simulated two N deposition levels: 1) parameter values for N deposition used for Great Plains Century simulations and 2) 0.9 g N m −2 yr −1 . Century4.5 simulations for the Great Plains model N deposition as a function of precipitation, using two parameters, epnfa(1) and epnfa(2) as slope and intercept. Parameterization for the Great Plains (epnfa(1) = 0.21 and epnfa(2) = 0.0028) result in an average N deposition of 0.3 g N m −2 yr −1 over all Inner Mongolia sites (such that N deposition = 0.21+ precip*0.0028), as sites have an average mean annual precipitation of about 35 cm.
Sensitivity of SOC and SON to Inclusion of Periods of Intensive Land Use
[21] Given that this region experienced significant land use intensification in the 1950s [Sneath, 1998; Xiong et al., 2008] , and that current land use practices on each site varied, we were also interested in whether the inclusion of specific periods of changes in land use would result in SOC and SON predictions closer to observed values than predictions by the Great Plains regression model. Century simulates land use changes over time by separating land use into periods within which specified events repeat. We separated the history of these sites into 3 periods: equilibrium, which consisted of light grazing and lasted 5000 years; 60 years of intensive grazing, as a result of population growth, settlement, and land use intensification in the area beginning in the 1950s [Jiang et al., 2006; Sneath, 1998; Xiong et al., 2008] ; and current (20 years or less) land use based on our knowledge from each site (described in Table 1 ). Although we could not confirm that all of our sites experienced increases in grazing intensities in the 1950s, studies suggest that this trend occurred in the region as a whole, and we were interested to know whether this was an important factor. Grazing effects were determined based on relationships described by Ojima et al. [1990] and Holland et al. [1992] , in which the relationship of grazing to biomass production changes as grazing intensity increases. This approach has been used to simulate grazing variation in other studies in this region [Wang et al., 2007] .
[22] We wanted to see how the inclusion of these periods in the model, individually and in combination, affected SOC and SON output for sites in Inner Mongolia. Therefore, we tested three different "histories": 1) a 5000 year equilibrium period, and a period of current known land use 2) a 5000 year equilibrium period, and 60 year period of more intense grazing and 3) a 5000 year equilibrium period, a 60 year period of more intense grazing, and a period of current known land use. We used a scaled N deposition of 0.9 g N m −2 yr −1 for each of these runs. 2.4.3.6. Comparison of Model Predictions of ANPP to Observed ANPP in Inner Mongolia
[23] Because most ecosystem carbon enters the system through photosynthesis, ANPP represents a major control over organic matter storage. In this way, simulated ANPP values can provide additional insight into variation in SOC and SON under different modeling scenarios. Adjustments in N deposition and land use affect ANPP, and we were interested in whether simulated ANPP fit with observed ANPP in Inner Mongolia under the same scenarios that simulated SOC and SON fit with observed SOC and SON in Inner Mongolia. Because we did not measure ANPP in Inner Mongolia in 2008, we used ANPP values described in the literature across the Northeast China Transect [Hu et al., 2007; Yu et al., 2004; Zhou et al., 2006] . We compared these "observed" values to ANPP simulated by Century under parameters that produced the best fit to SOC and SON (elevated N deposition and inclusion of intensive land use). We also compared observed values to ANPP predicted for these sites by two regression models relating ANPP to mean annual precipitation: one developed in the Great Plains [Sala et al., 1988] , and one developed along the Northeast China Transect [Zhou et al., 2002a ].
Results
Response of C and N Fractions to Environmental Factors
[24] Total C and N increased as precipitation and finetextured soil increased, and decreased as mean annual temperature (MAT) increased (Table 2 ). Total C contained in the intermediate POM fraction increased with MAT and decreased with percent silt and clay, whereas percent C in MAOM fraction, representing passive C associated with silt and clay particles, had the opposite response to these factors. Total C:N significantly correlated with total SOC, but surprisingly, decreased as total SOC increased. Both "Biomass Removed per Year" and "Time Fenced" were tested against all response variables in linear regressions, but alone did not significantly explain any of the variation (and therefore are not listed in Table 2 ).
Multiple Regression Models for Observed Independent Variables
[25] Best-fitting models revealed that with climate, texture, and interactions terms alone, we could explain 76% of the variability in total SOC and 71% of total SON in this region (Table 3) . Land use terms ('Biomass Removed per Year' and 'Time Fenced') were not significant explanatory variables for total SOC when included in the model, but contributed significantly to the POM-C, POM-N and MAOM-C models. Longer periods of time that sites were fenced resulted in increased MAOM passive C, but decreased POM-C.
Generality of Great Plains Regression Model
[26] To determine the generality of the SOC and SON models developed in the U.S. Great Plains compared to other temperate grassland regions, we compared the observed carbon values in Inner Mongolia to values predicted by a regression model for the U.S. Great Plains [Burke et al., 1989] ( Figure 3) . The model from the Great Plains explained a significant proportion of the variation in the China soils (r 2 = 0.58, p < 0.0001; see Table 4 ). However, on average, observed values for China were 30% lower than predicted values from the U.S. Great Plains model, and regressions between predicted and observed values included an intercept term significantly different than 1 for both SOC and SON (Table 4 ). Predictions of soil N by the U.S. model also explained a large proportion of the variability (r 2 = 0.85, p < 0.0001), but in contrast, underestimated total N values along the Northeast China Transect (intercept significantly greater than 1; see Table 4 ). When error was partitioned, more error was found in U bias and U e terms, and U b=1 error was low.
[27] Burke et al. [1989] also developed a model predicting C and N in cultivated sites, and we measured how predictions from this model fit our data as a general investigation of how the incorporation of land use might affect the goodness of fit (Figure 3 ). The cultivated model did not produce a higher r 2 value (SOC: r 2 = 0.39, SON: r 2 = 0.77), but predicted lower C and higher N than for range soils (closer to our observed values), a lower bias term, and a lower RMSD.
Century Simulations 3.4.1. Sensitivity of SOC, SON, and ANPP to Elevated Nitrogen Deposition
[28] Century simulations revealed that adjusting N deposition and land use history parameters produced simulated SOC and SON closer to observed values. At equilibrium (no land use scenarios included), SOC, SON, and ANPP were sensitive to changes in N deposition, but showed a greater response to deposition changes from 0.05 to 0.9 g N m −2 yr −1 than from 0.9 to 1.5 g N m −2 yr −1 (Figure 4) . Comparisons among simulations of the three N deposition levels at equilibrium and observed values suggested that SOC and SON simulated at an N deposition level of 0.9 g N m −2 yr −1 produced the best fit with observed data (smallest RMSD; see Table 4 ). When decomposing model error, U e and U bias error terms were highest, suggesting that the predicted values have a consistent relationship to observed values at different N deposition levels at equilibrium (U b=1 was low), but simulations at equilibrium left a large amount of variability unexplained (high U e ; see Table 4 ).
[29] We also tested Great Plains and elevated N deposition levels, while including land use conditions according to our knowledge for the region and each site (60 year period of intensive grazing and current known land use for each site) to better compare model output with observed data. 
All relationships (positive or negative) reported were significantly related in a Pearson Correlation (p < 0.05). "Percent biomass removed per year" and "Time Fenced" were not reported because there were no significant relationships with dependent variables.
b Total Carbon is listed as an independent variable to show with which dependent variables it correlated. a Multiple linear regression models were determined using all possible subset selections of six independent variables: mean annual temperature (MAT in°C), mean annual precipitation (MAP in cm), silt and clay (%), and two metrics of land use: number of years fenced and percent biomass removed per year due to grazing.
After including these periods, SOC and SON under elevated N deposition (0.9 g N m −2 yr −1 ) was significantly related to the observed values (SOC: r 2 = 0.53, p < 0.0001; SON: r 2 = 0.67 p = 0.002) and had a lower RMSD than values under N deposition parameters used for the Great Plains (SOC: r 2 = 0.221 p = 0.78; SON: r 2 = 0.043 p = 0.062) ( Figure 5 and Table 4 ). The lack of fit in the Great Plains model was primarily related to unexplained variance (U e ), and bias (U bias ). Although overall error was low, any remaining error in the elevated N deposition model was most attributed to unexplained variance (U e ) for SOC, and lack of consistency (U b=1 ) for SON.
Sensitivity of SOC and SON to Changes in Land Use History
[30] SOC and SON were closest to observed values under land use scenario 3, as determined by the lowest RMSD when compared with the data (Table 4 ). This scenario included a 5000 year period of equilibrium, a 60 year period of intensive grazing and the current known land use for each site (e.g., fenced 7 years, heavily grazed 3 years, etc. depending on the site). The inclusion of only the current land use period (sce-nario 1) produced the worst fit with the observed values, including a slope significantly lower than 1 and an intercept significantly higher than 0 ( Figure 6 and Table 4 ). Inclusion of the 60 year period (scenario 2) produced predictions with a statistically significant relationship to observed values. The unexplained variance (U e ) made the largest contribution to the lack of fit for the competing models, and remained the largest source of error even in the best-fitting model. Thus, the superior fit of the best model was the result of reduced error in model consistency (U b=1 ) and bias (U bias ).
Simulated ANPP for Inner Mongolia Compared to Values Observed in the Literature
[31] We examined the ANPP output from Century under the model scenario that produced SOC and SON closest to observed values (0.9 g N m −2 yr −1 N deposition and intensive and current land use periods; see Table 4 ). Simulated ANPP by this Century model were comparable to those estimated in the literature for these sites (r 2 = 0.72 p < 0.001) ( Figure 7 and Table 4 ). Values predicted by the Great Plains ANPP regression model [Sala et al., 1988] were also significantly related to estimated ANPP from the literature (r 2 = 0.54 p < 0.01), but values from the regression model were generally lower than observed ANPP (intercept = 32.6, p < 0.05). Much of the observed lack of fit was associated with mean differences (U bias ) and lack of consistency (U b=1 ). A regression model developed in this area by Zhou et al. [2002b] provided the best fit to observed values (r 2 = 0.76 p < 0.001) and the lowest RMSD of the three models.
Discussion
[32] We found that although SOC and SON in Inner Mongolia are controlled by the same climate and texture variables used to predict SOC and SON in the Great Plains, in this region, values of SOC were lower, SON higher, and ANPP higher than those predicted by regression models developed in the Great Plains. The incorporation of both elevated N deposition and an intensive land use history in Century was necessary to obtain simulated values of SOC, SON, and ANPP near the values observed across the Northeast China transect.
Response of SOC to Land Use and Texture in Inner Mongolia
[33] We used two approaches to compare soil organic matter response to climate and land use in grasslands across continents: (1) we determined the relationshipsand importance of the relationshipsof climate, texture, and land use to total SOC and SON and fractions, and compared them to relationships described for other grasslands in previous studies and (2) we compared the values predicted by previous grassland regression and simulation models to those observed in Inner Mongolia (section 4.3).
[34] Our results show that climate and texture variables exert dominant controls on all fractions of soil organic matter in Inner Mongolian grasslands. SOC increased with increasing precipitation and decreased with increasing temperature. Other studies have found similar trends in temperate semiarid regions [Alvarez and Lavado, 1998; Burke et al., 1989; Paruelo et al., 1998] , and across this transect [Zhou et al., 2002b] . This trend can be explained by production responding more than decomposition to increased precipitation across the spatial gradient in water-limited areas, and decomposition rates respond- . Bold indicates regression model (r-squared) is significant, slope is significantly different than 1, and intercept is significantly different than 0 (p < 0.01). b Root-mean-squared deviation, represents overall goodness-of-fit of model (see equation (1)). c Error term that compares the differences in means of observed and predicted values (see equation (2)). d Error term which quantifies the proportional difference of the slope of the predicted versus observed regression from a 1:1 line (see equation (3)). e Error term that describes the variance unexplained by a model fit to the observed values (see equation (4)). ing more strongly than production to higher temperatures across the gradient [Epstein et al., 2002; Guo et al., 2006] . However, our total SOC explanatory power (R 2 = 0.76; see Table 3 ) with only these variables surprised us; we sampled across a land use gradient, and studies quantifying the losses due to degradation in this area suggest that land use is a strong determinant of SOCand perhaps an even stronger control than climateof SOC in this area [Chuluun and Ojima, 2002] . For this reason, we originally hypothesized the land use in this area would alter the predictive power that climate variables have over SOC and SON values. One possible reason for the lack of a significant role of land use parameters in the multiple regression we developed is that our variables describing land use were only describing present or recent (decadal scale) practices, and could not describe longer-term effects that would have a larger impact on current SOC and SON levels. However, this as an explanation alone would have resulted in a much lower R 2 value than we produced with climate and texture data. Our comparison of these results with data and models developed in other continents allowed us to gain more insight into the importance of historical land use on SOC values in this area.
Relationships of SOC to Environmental Variables
[35] Overall, other models relating environmental variables to observed SOC and SON found similar relationships (positive or negative; see Table 2 ) as we did among variables. For instance, Burke et al. [1989] found that similar factors as we included in our model should be included in a predictive model in the Great Plains, but found a change in a standardized MAT unit caused the largest change in SOC. In our study, MAP was the most important, as Guo et al. [2006] found for areas receiving less than 1000 mm MAP in the United States. In U.S. forests, Homann et al. [1995] found climate and texture variables explained a large proportion of the variation in SOC, but MAT had a stronger, and positive, effect on SOC. Percival et al. [2000] sampled sites in New Zealand and found that soil chemical characteristics, rather than climate or soil texture, explained much more of the variation in SOC in grasslands there.
[36] In contrast to the most dominant controls over total C, POM-C and MAOM-C fractions were most strongly related to temperature, texture, and land use (Table 3) . Percent MAOM-C decreased with MAT, suggesting that the proportion of soil carbon that is recalcitrant decreases with increasing temperature. Previous studies across climatic gradients have suggested that SOC recalcitrance increases with increasing temperature (and decreasing total SOC) [Trumbore et al., 1996] , but several studies have challenged this idea and its implications for possible decomposition feedbacks to predicted temperature increases [Giardina and Ryan, 2000] . Percent POM-C and MAOM-C were not significantly correlated to land use variables in simple regressions (Table 2) , but these variables were significant predictors in multiple regressions (Table 3) . Percent POM-C declined with increased grazing intensity, possibly because this fraction is more reduced by decreases in plant inputs than the total C pool [Kelly et al., 1996] . Current grazing intensity was not a significant predictor of MAOM-C, but MAOM-C was higher in sites that were fenced. Studies examining recovery after cessation from cultivation [Burke et al., 1995] and grazing Figure 5 . (a) SOC and (b) SON predicted by Century using nitrogen deposition as parameterized in the Great Plains (solid circles), which varies with precipitation but results in an average of 0.3 g N m −2 yr −1 , and fixed at 0.9 g N m −2 yr −1 (open circles), compared to observed values in Inner Mongolia at all sites. All runs included a 60 year intensive grazing period followed by a unique current land use period depending on the site. This combination proved to be the land use scenario that best predicted observed values (see Table 4 ). [ Steffens et al., 2011] have similarly detected changes in C fractions and not total C in decadal recovery, but it is surprising that the return of C in our study occurs in the pool with the slowest turnover time. Studies examining recovery after cultivation, and a few after grazing, have found that recovery of this pool is not detectable on a decadal timescale Robles and Burke, 1998 ]. However, several recent studies on grazing have reported an increase in the passive pool with grazing exclosures, with no change in the intermediate (POM) pool [Altesor et al., 2006; Piñeiro et al., 2009] .
Comparison of Model Predictions to Observed Values in Inner Mongolia 4.3.1. Regression Model
[37] Soil C and N in the U.S. Great Plains were also best predicted by precipitation, temperature, and soil texture, and had the same relationships (positive or negative) as our response variables did to each predictor variable [Burke et al., 1989] . The model produced a good fit to our observed values, capturing a large amount of variability in our Inner Mongolia data set, which was surprising given the simplicity of this model and considering what our remaining analyses reveal (i.e., a strong sensitivity of soil organic matter to unknown past land use and N deposition). The main discrepancy was not consistency (slope deviating from 1), but that the U.S. Great Plains model overestimated C values and underestimated N values observed in Inner Mongolia. Paruelo et al. [1998] used this Great Plains model to assess the SOC drivers and predictability of another GCTE temperate grassland transect in Argentina, and found SOC observations at this site fit well with the Great Plains model (r 2 = 0.63), and, unlike our data from Inner Mongolia, fell evenly above and below the model predictions (y intercept of best-fitting line did not differ significantly from 0). Our model-data comparisons suggest that the relationship of SOC and SON to climate variables predicted by the Great Plains model is consistent (slope near 1), but that the Great Plains regression models produce a poorer fit to observations because of bias (differences of means, intercept greater or less than 0) and additional variance in the data that could not be explained by the model (Figure 3 and Table 4 ).
[38] In Inner Mongolia, observed carbon values that were closest to predicted values for rangeland models were from those sites along the Inner Mongolia transect that had been fenced for 12 and 20 years. In addition, the U.S. model developed from cultivated sites in the U.S. produced less bias than the rangeland model. Our sites were not cultivated, but the improved fit to our data suggested the gaps between observed and predicted values from the rangeland model may be due to reduced carbon storage as a result of longterm intensive land use in the Inner Mongolia region that could not be quantified by current land use metrics. Although this is impossible to know due to lack of precise Figure 6. (a) SOC and (b) SON predicted by Century when we varied the inclusion of certain land use periods, compared to observed values in Inner Mongolia at all sites. Current land use refers to the information we acquired at sites from the current manager and is a 1 to 20 year history depending on the site. Sixty year intensive grazing is a period before the "current" land use that was implemented in all sites to represent the increase in grazing intensity as population density increased in Inner Mongolia around the 1950s. All runs used nitrogen deposition of 0.9 g N m −2 yr −1 . knowledge of historical land use at these sites, several empirical and modeling studies have demonstrated the extent of the effect of historical land use on current SOC observations and processes. Sandor et al. [1986] found SOC was still 40% lower in areas that had been intensively cultivated but abandoned 1000 years ago in New Mexico. Although grazing may have varying short-term effects on SOC, studies suggest that when it does greatly reduce SOC, either due to its high intensity or the absence of evolutionary adaptation to grazing, effects can be similar to that of cultivated areas. Piñeiro et al. [2006] used coupled grazed and fenced sites and found that long-term grazing reduces SOC by 15-30%, with largest reductions occurring in the slow and passive pools. Century simulations suggest that 400 years of low intensity grazing would produce a 10% reduction in SOC [Alvarez, 2001] . Few long-term studies testing the effect of long-term grazing and subsequent exclosures exist due to the absence of a reliable control, but observed reductions in slow and passive carbon pools suggest that recovery would be similar to recovery from these effects due to cultivation (i.e., on the order of centuries), and be longest in areas receiving the least precipitation [Paustian et al., 1997] .
Century Model
[39] Using the U.S. regression model [Burke et al., 1989] , we found observed SOC in Inner Mongolia was lower than predicted by the U.S. model, and observed SON was higher than predicted by the model (Figure 3 and Table 4 ). Therefore, we used the Century model to ask what other factorsthat we did not measuremight explain these results, and what changes were needed to simulate values closer to observed data. SOC and SON were both sensitive to changes in N deposition, especially changes from very low (0.05 g N m −2 yr −1 ) to values of deposition that might be occurring today (0.9 g N m −2 yr −1 ) ( Figure 4 and Table 4 ). SOC and SON were not as sensitive to changes in N deposition from 0.9 g N m −2 yr −1 to 1.5 g N m −2 yr −1 , but sites in the meadow steppe (wetter end of the gradient) were more responsive than sites in the drier end, suggesting that the diminished response could be related to water limitation.
[40] SOC and SON were, on average, closest to observed values when deposition was 0.9 g N m −2 yr −1 , after incorporating the land use history that is likely for this region (addressed below). This value for N deposition is approximately 0.4-0.5 g N m −2 yr −1 higher than parameterized simulations in the Great Plains. When we used the same parameters used in the Great Plains, in addition to all land use scenarios, we found carbon was underestimated by an average of 1.45 kg C m −2 yr −1 and N was underestimated by 0.18 kg N m −2 yr −1 ( Figure 5 ). These results are in line with our findings from the U.S. regression model, which did not include N deposition and underestimated N (and arguably underestimated C as well, when no land use was included) compared to observed values. We were able to explain this discrepancy by increasing N input, and increasing ANPP, using the Century model. This suggests that N deposition, or some N input, is important in elevating ANPP in Inner Mongolia and producing SOC and SON values that are higher than expected based on Great Plains data.
[41] SOC and SON were also sensitive to changes in land use history. The inclusion of 60 years of intensive grazing before the current land use period had a stronger effect on SOC and SON than the inclusion of the current known period of grazing (1-20 years) (Table 4 ). These current land use periods varied depending on site, but included fencing treatments or various grazing intensities for different (known) lengths of time. The simulations, however, suggest that the potential degradation and reduction in SOC and SON caused by the period of land intensification as a result of settlement and increased population was more important in determining SOC levels. However, SOC and SON responses to changes in simulated land use history were not consistent among site ( Figure 6 ). This may be because differences in site climate and soil type cause sites to respond differently to intensive land use in this area, but it is more likely due to inaccuracy of land use history before the current period (i.e., some sites may have experienced more or less intensive land use prior to the current land use). This is supported by the fact that unexplained error (U e ) still contributed to any remaining lack of fit in the model with the best-fitting land use scenarios (Table 4 ).
[42] We did not measure ANPP at our sites in the summer of 2008, but previous studies recorded ANPP at these and other sites along the Northeast China Transect [Hu et al., 2007; Yu et al., 2004] , and Zhou et al. [2002a] developed a regression model to predict ANPP in this region using annual precipitation. Perhaps not surprisingly, ANPP for the Northeast China Transect sites fit well with those predicted by this model developed in Inner Mongolia [Zhou et al., 2002a] (Figure 7 and Table 4 ). However, values reported for the desert steppe, typical steppe, and meadow steppe in Inner Mongolia in the literature were slightly higher than values predicted by the widely used ANPP regression model presented by [Sala et al., 1988] , developed in the Great Plains. Similarly, ANPP values in Inner Mongolia were also higher than ANPP simulated by Century when N deposition parameters from the Great Plains were used (data not shown). This follows results from early Century model validations [Parton et al., 1993] , which reported that peak live biomass was underestimated by Century for Asian sites, in contrast to the other 9 sites [Gilmanov et al., 1997] . Previous studies have suggested that this discrepancy may be due to a higher prevalence of C3 plants in this area compared with regions in North American with a similar climate [Tieszen et al., 1999] . However, a hypothesis that fits with the rest of our data is that this higher ANPP is related to higher nitrogen inputs in China. Century simulations did produce ANPP values within the range reported by the literature under elevated N deposition (0.9 g N m −2 yr −1 ). This is also the Century scenario that, with the inclusion of intensive land use, estimated SOC and SON values nearest to those observed (Table 2 ). This suggests that in Inner Mongolia a higher ANPP (C input), enabled by increased N deposition, is necessary to produce the greater equilibrium-stage SOC and SON values, which fit observed values when losses due to intensive land use are accounted for as well.
Conclusions
[43] The results of this study challenge the generality of relationships between environmental factors and C and N pools in temperate grasslands. SOC and SON data we collected in Inner Mongolia were strongly related to texture and climate, as they are in other similar regions of the world, and data had consistent relationships with values predicted from Great Plains models across this range of sites. However, these models showed strong bias (overestimation of C and underestimation of N) in predicting SOC and SON values in Inner Mongolia. Elevated N deposition levels were required to simulate accurate predictions for biogeochemical pools in Inner Mongolia, suggesting either that there is unaccounted for nitrogen input in this region, or differences in fundamental nitrogen cycling properties, such as nitrogen use efficiency, compared to other grasslands. In addition, model simulations were only accurate for organic carbon when we included periods of overgrazing to reduce simulated carbon stocks for this area. The relationships of environmental controls with SOC and SON in grasslands are perhaps not as generalizable as many widely used models, and modelers, assume. The possible divergence of these relationships in Inner Mongolia from those used in models for grassland ecosystems could affect our ability to predict regional ecosystem dynamics, and also add uncertainty to global predictions of carbon flux.
